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a  b  s  t  r  a  c  t
Several  episodes  of  sudden  large  scale  disruptions  in electrical  service  deeply  impacted  both  the social
stability  and economic  development  in affected  countries.  The  prevention  of  such  catastrophic  incidents
poses  huge  challenges  for reliability  study  and operational  practices  in  power  systems.  Studies  in other
scientiﬁc  ﬁelds  show  that, upon  reaching  a  tipping  point,  complex  dynamical  systems  can  experience  sud-
den transitions  into  a contrasting  state.  These  transitions  may  be  predicted  through  behavioral  changes
in some  statistical  measures  of  the  system  state.  Inspired  by  these  studies,  this  paper proposes  an  analysis
of  the  critical  transition  in  power  systems  from  a long-term  perspective.  The  evolution  of  the  operational
“stress”  and  its  cyclical  variation  due  to a  slowly  increasing  demand  and  system  expansions  is  simulated
on  a test  system.  The  disturbances  and the resulting  failures  under  different  stress  levels  are  studied.  Ourransmission pattern
lickering
ritical slowing down
analysis  identiﬁes  the  statistical  trends  known  as  ﬂickering  and  critical  slowing  down  in the  operational
and  the recorded  outage  data  along  the  simulation.  These  statistical  changes  can  be  used  as  early  warning
signals  of the  upcoming  operational  state  which  is  more  prone  to a catastrophic  blackout.  The  develop-
ment  of such  early  warning  signals  is the  key  to reaching  higher  levels  of reliability  in  the  energy  supply
infrastructure  that  society  requires  today.
©  2015  The  Authors.  Published  by  Elsevier  B.V.  This  is  an  open  access  article  under the  CC  BY-NC-ND. Introduction
Critical infrastructures have become the central nervous sys-
em of the economy in every nation [1] and tremendous effort and
nvestment have been made in their protection in Europe and the
nited States [1,2]. Electricity infrastructure stands in the center
nd is essential to the operation of others [3].
Several large scale disruptions in electrical service, like in
anada and the U.S. (August 2003), Germany, Belgium, Italy, France,
pain and the Netherlands (November 2006), and Brazil (November
009) [2], have deeply impacted both the social stability and eco-
omic development in the aforementioned countries. To counter
his effect, effort has been made by researchers from various disci-
lines with different focuses. Insightful results have been gained
nto understanding [4–6], predicting and mitigating large cata-
trophic blackouts [7], also new perspectives have been formulated
8,9]. Major challenges still exist to facilitating the on-line pre-
iction and mitigation of large blackouts in the accuracy and
∗ Corresponding author at: Pontiﬁcia Universidad Católica de Chile, Electrical
ngineering Department, Av. Vicun˜a Mackenna 4860, Macul, Santiago, Chile.
el.: +56 2 3544281.
E-mail addresses: dahui.ren@gmail.com (H. Ren), dwatts@ing.puc.cl (D. Watts).
ttp://dx.doi.org/10.1016/j.epsr.2015.03.009
378-7796/© 2015 The Authors. Published by Elsevier B.V. This is an open access article unlicense (http://creativecommons.org/licenses/by-nc-nd/4.0/).
scalability of the models, especially regarding the computation efﬁ-
ciency [7,10]. These obstacles detain the application of most of the
research results in the power industry as a supplementation of the
N − 1 and N − t contingency criteria for reliability analysis.
Recent advances in other ﬁelds on critical transition have shown
a promising potential in the prediction of sudden collapse of com-
plex systems because of the computational efﬁciency. Previous
researches [11–15] proved the existence of critical transition in
a ﬁxed power grid as the load demand continuous growing by
observing the changes of “mean blackout size (expected energy
not served)”, “mean number of failed components” and “proba-
bility of cascading failures with certain size”. References [16–20]
extended the general mathematical description of fast-slow system
into power system application on transient stability and derived
autocorrelation functions for better understanding the early war-
ning signals and the prediction of the transient instability. A study
of transient instability on real power system is performed in [18]
based on about 10 min  of measured bus voltage frequency data
from the Bonneville Power Administration territory provided by
the WSCC (now WECC) disturbance study committee.Besides being directly related to the operational state and the
structural characteristics of a power grid, the system robustness
against cascading failures is the accumulative outcome of decades
of design choices of engineering systems under the guidance of
der the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1 System
r
o
p
t
r
o
[
l
p
t
p
c
r
c
p
s
t
r
l
l
d
t
o
o
c
s
a
t
d
e
t
f
2
s
ﬁ
i
o
r
[
p
t
ﬂ
o
p
a
c
n
t
b
(
p
s
i
p
o
o
d
i
t
o74 H. Ren, D. Watts / Electric Power 
eliability requirements, as well as ﬁnancial, economic [21] and
ther social constraints and principles. A study of an evolving
ower system is then necessary for a better understanding of how
he vulnerability of the system changes over time. Among all the
eferences addressing the risk of power system cascading black-
uts, the ORNL–PSerc–Alaska (OPA) model and its modiﬁcation
22–24] stand out because of describing the interaction between
ong-term evolutions of the system (which are consistent with
lanning practices) and short-term systemic response to the dis-
urbances. Therefore, based on OPA and its modiﬁcation, in this
aper we investigate the characteristics of the system along the
omplex evolution by considering all factors affecting the system’s
obustness. The objective is to detect early warning signals for a
ritical transition of the “stress” of the system from a long-term
erspective rather than focusing on any single transient instability
cenario [19,18]. The proposed method is built on the research in
he area of nonlinear stochastic dynamical systems. Through the
esearch, we show that recorded outage data and fractional over-
oad are the most valuable variables in the assessment of the stress
evel in power systems. The constant tracking and analysis of these
ata could provide early warning signals for the changing of the sys-
em states. Ultimately, our results could be a useful complement to
ther studies on the prevention of large-scale catastrophic black-
uts and could be included in planning decision models to mitigate
atastrophic blackout risk.
The paper is organized as follows: Section 2 provides a brief
ummary of researches on critical transition in complex systems
nd insights of its application in power systems. Section 3 describes
he research method. Section 4 analyzes the simulation results and
iscusses the effect of modeling details regarding the detection of
arly warning signals for critical transitions of the test system. Sec-
ion 5 summarizes the key ﬁndings of this paper and the focuses of
uture work.
. Insights from research on critical transition in complex
ystem
Complex dynamical systems, which range from ecosystems to
nancial markets, can undergo phase transition (critical transition),
n which a sudden shift to a contrasting dynamical regime may
ccur [25]. There are various sources or drivers for such systemic
isks in complex systems, and one of them is Self-organization
26]. From the standpoint of thermodynamics all self-organization
henomena can be viewed as phase transitions [27], through which
he complex system enters a critical state [26]. Bifurcations, critical
uctuations (ﬂickering) and critical slowing down are characteristics
f these phase transitions [27]. Work in different scientiﬁc ﬁelds has
roved that the aforementioned characteristics can be observed
nd captured as indicators of the approaching of the system to a
ritical threshold [25]. Therefore, these could work as “early war-
ing signals” of the critical transition. Critical slowing down leads to
hree possible early-warning signals: slower recovery from pertur-
ations (if it can be measured directly), increased autocorrelation
AR) and increased variance of the time series of the observed
arameter. Flickering is reﬂected in relatively low-resolution time
eries as bimodality and increasing variance, coupled to a decrease
n AR and skewness [28].
Power system provides a good example of self-organized com-
lex system. Previous research by model (OPA being the leading
ne) and historical outage data provided the evidence of self-
rganization in power systems [22]. As any complex system
esigned with a certain degree of connectivity and homogene-
ty, power systems are robust to small perturbations. However,
he connectivity makes it easier for a local failure to propagate
ut and cause cascading events [27]. From a long-term point ofs Research 124 (2015) 173–180
view, power systems are evolving under the complex dynamics
among load increase, random failures and upgrade practices to
meet their requirements for reliability and economic beneﬁts. As
the grid upgrades, the pattern of maximum power ﬂow limits of
lines is changing [29], resulting in an increase in the inhomogeneity
of the transmission system. This is part of the self-organization
in power systems. However, the increasing inhomogeneity has
another effect. A failure in a highly upgraded part of the system
more easily propagates out, hence causing an over-critical failure
with much larger amounts of load-shedding. This is one kind of
the events that are capable of triggering systemic failures [27]. The
inhomogeneity in the transmission system increases along the evo-
lution. Eventually, power systems will enter a new state in which
large scale cascades can happen more frequently. This new state is
the “complex systems steady state” studied in [29]. The complex
reaction between cascading overloads and the resulting transmis-
sion pattern from upgrades may  aggravate the inhomogeneity and
accelerate the transition of the system into a new state. How abrupt
the transition is depends on the local reliability and the detailed
self-organization mechanism of the system. We  will further explain
these phenomena of critical transition and the related critical slow-
ing down and ﬂickering in Section 4 together with the simulation
results.
3. Simulation models
The models used in this research are the OPA model [22,30] and
one of its modiﬁcations (EconOPA) [23]. IEEE 118-bus test system
is taken as an example and applied to each model.
3.1. Model description
OPA and EconOPA simulate the evolution of the “stress” of the
system with a constant load increase as well as the upgrades of
the transmission capacity and generation capacity over time. How-
ever, they shape the system differently because of the integration
of different driving forces for system evolution. EconOPA imbeds
the economic force in generation upgrade and optimal power ﬂow
with quadratic cost functions for the decision of the operational
state.
Above the Monte Carlo Simulation, two  modules, cascading over-
load tripping and system growing, are added (these are indicated
by the shaded grey area in Fig. 1). The main modeling details of
OPA and EconOPA are brieﬂy introduced below on the modeling of
demand (load increase and variation), supply and market.
3.1.1. Load increase and variation [30]
In both the OPA and EconOPA, the load demand grows accord-
ing to a speciﬁed trend (2% annual increase) using a model of daily
constant growth (0.005%) plus a deviation from the trend. This
deviation represents the daily load variation. In the simulation,
each iteration represents an instance of the operation of one day.
Demand Pt+1
i
at node i in the (t + 1)th simulation iteration can be
calculated by (1) and (2), where  represents a selected realiza-
tion of the daily load curve of the area (different load node could
belong to different area and follows different variation behavior).
¯ = 1.00005 corresponds to a 0.005% daily increase. The simula-
tion has 30,000 to 50,000 iterations, thus simulating a long-term
evolution of the system.
P¯t+1 = P¯t × ¯ (1)
t+1 ¯P
i
= Pt+1 ×  (2)
One single load instance is chosen each day to be a represen-
tative sample of 24 h of the day. The value of the load could be
randomly from heavily loaded instance to light loading one. The
H. Ren, D. Watts / Electric Power Systems Research 124 (2015) 173–180 175
Fig. 1. Explanation of OPA model [23] and EconOPA model [16] regarding testing of critical transitions of the “stress” of the power system. Special functions (indicated by
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elected load modeling method, combined with random failure of
ransmission lines, provides a simple way to describe power system
tate for reliability assessment in a long run.
.1.2. Transmission upgrade [30]
The capacity limit Fmax of the transmission lines which were
verloaded or outaged in the (t − 1)th iteration will be increased at
he beginning of the tth iteration.
maxit =
{
 ∗ Fmaxit−1; blackout and line i overload on run t − 1
Fmaxit−1; otherwise
(3)
where  is the increase in the line capacity limit. Eq. (3) simu-
ates the utility response to reduce the probability of future events
blackouts, overloading, etc.) by increasing the capacity of lines
elated to the blackout.
.1.3. Generation upgrade
Generation upgrade is performed by adding new generation to
he existing generator nodes and starts when the capacity margin
f the system reaches a threshold. In OPA, the sitting of a new gen-
ration is randomly chosen among all generator nodes, while in the
conOPA model the most proﬁtable nodes are chosen. In EconOPA,
wo different generation technologies for base load generation and
eak load generation are considered respectively. The marginal
rice of base load generation is given by (4), while that of peak
oad generation is given by (5), according to the PJM’s load-price
urve [31].
rice ($/MWh) = 0.012 × P MW + 1.15 (4)
rice
(
$/MWh
)
= 0.71 × P MW + 156.8 (5).1.4. Optimal power ﬂow
In the OPA model, the optimal power ﬂow minimizes the gen-
ration and load-shedding costs as given in (6), subject to overall
eneration balance (DC power ﬂow), generator limits (real power)odel differs in the generation upgrade strategy (the function is indicated by bold
eliability of the system and system upgrade are built in both models (shown with
and line ﬂow limits. Every generator has the same identical linear
cost function C (·).
Although also minimizing the cost of generation and load-
shedding as given in (6), the optimization of power ﬂow in EconOPA
model has quadratic generation cost function C (·) and is subject to
the nodal generation balance (with an AC power ﬂow), generator
limits (real power and reactive power), line ﬂow limits and nodal
voltage limits. A more detailed representation of power systems is
then obtained.
minPGi,PDjCost =
∑
i∈G
C (PGi) +
∑
j∈D
K ×
(
PDj
)
(6)
where PGi is the real generation of ith generator and PDj is the real
power demand at the ith load node. PDj is the load-shedding at
node j. The coefﬁcient K = 100 is a sufﬁciently large constant number
to make sure that load-shedding is performed when it is the only
choice for ﬁnding a feasible solution for the optimal power ﬂow.
The main parameters of OPA and EconOPA are the same as
in [30]. They are chosen to be: the mean load daily growth fac-
tor ¯ = 1.00005, the upgrade factor for the transmission line limit
 = 1.07, the probability of line outage p0 = 0.001 at the beginning
of each iteration in Monte Carlo simulation and the probability of
overloaded line outage p1 = 0.0015 in the cascading tripping proce-
dure. p1 is smaller than that in [30].
3.2. Measurements
Here we  choose fractional load-shedding given in (7) and
〈
Mjk
〉
j
given in (8) as two  measurements to explore the possibility of using
real-time measurements for the early warning of critical transitions
in power systems.Fractional load-shedding Loadshedt% [30] is deﬁned by:
Loadshedt% = LoadshedtDemandt (7)
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here t represents the tth iteration in the simulation by OPA and
conOPA. Demandt is the load demand of the tth iteration, and
oadshedt is the amount of load-shedding at the tth iteration.
The fractional overload averaged over the lines
〈
Mjk
〉
j
[30] is
eﬁned as
Mjk
〉
j
= 1
N
j=N∑
j=1
∣∣Flowkj ∣∣/Fmaxkj (8)
here Flowk
j
is the active power in line j in the kth iteration, and
maxk
j
is the transmission limit of line j in the kth iteration. The
ractional overload Mjk varies due to the load variation and ran-
om failures, describing the pattern of loading of the system in
ach iteration of the simulation. In previous research [30],
〈
Mjk
〉
j
s chosen to show the evolution of the system into a self-organized
riticality.
The transmission pattern is deﬁned by the equivalent transmis-
ion capacity contribution of the ith line as indicated by superscript
 in the tth iteration as indicated by subscript t when serving the
oad demand:
i
t = N
∣∣Fmaxit∣∣
Demandt
(9)
here N is the total number of transmission lines in the system.
. Simulation results and discussions
In this section, we (1) show the existence of ﬂickering and critical
lowing down before the system reaches the critical transition to a
igher stress level with larger blackouts; (2) discuss the trade-off
etween local reliability and the systemic abrupt transition to the
forementioned higher stress level and (3) investigate the effect of
he economic force in generation planning on the strengthen of the
nhomogeneity in transmission system. The resulted regularity in
he transmission can be regarded as a complementary signal for the
pproaching of a critical transition.
We provide simulation results of two cases (case OPA 1 and case
PA 2) of the OPA model with different parameters and one case
case EconOPA 3) of the EconOPA model to better understand the
arly warning signals of critical transitions. Time series of fractional
oad-shedding as shown by (7) for three cases and
〈
Mjk
〉
j
by (8)
or OPA 1 are constructed. The former is a non-equidistant time
eries that consists of non-zero load-shedding recorded in simula-
ion iterations. The scarce, discrete and random characteristics of
he recorded load-shedding data are consistent with the histori-
al outage data in real power systems. The latter is an equidistant
ime series consisting of
〈
Mjk
〉
j
of each iteration. For the equidis-
ant data, the length of the data window used for the calculation
f AR, skewness and variance is chosen to be 5000. For the non-
quidistant time series, the data window is chosen to be 100 for
ase OPA 1 and case EconOPA 3, while 160 for the case of OPA 2,
hich are the number of non-zero load-shedding events recorded
ithin roughly 5000 simulation iterations before the critical tran-
ition. Under the load increase set in each iteration in the model,
he 5000-iteration corresponds to an increase in demand of about
0%, which is equal to the capacity margin given in the simulation
odel. Lag time is chosen to be 1. The calculation details of AR,
kewness, and variance are provided in Appendix A.
.1. Statistical analysis of non-equidistant time series of
ractional load-shedding
In Fig. 2(A) for case OPA 1, before the 16,545th run, 15% of
he events have a fractional load-shedding between 1% and 4.14%,s Research 124 (2015) 173–180
64% between 0.1% and 1%, and 21% of the events less than 0.1%.
The maximum fractional load-shedding among all these events is
4.14%, while the minimum is 0.00128%. After the 19,922th run, the
situation is radically changed as 48% of recorded outages have a
fractional load-shedding greater than 4% and the maximum frac-
tional load-shedding is about 20%. Therefore, we can deduce that,
in the case of OPA 1, the critical transition happens approximately
between the 16,545th and the 19,922th simulation iterations.
4.1.1. Early warning signals for critical transition to a higher
“stress” level
The sudden increase or persistently increasing in AR averages is
regarded as one of the decisive factors that show that the system
is approaching a critical transition. According to [32], the critical
level of correlation for 95% signiﬁcance in AR is r0.95 = 0 ± 2/
√
N,
where N is the sample size of the data window. Therefore, in our
case, the statistically signiﬁcant increase in AR for a data window
of 100 or 160 is 0.2 or 0.16, while for a data window of 5000, it is
about 0.028.
In Fig. 2(B)–(D), AR of load-shedding data shows an abrupt
increase from −0.065065 to 0.018432 on the 19,922th run, and
reaches 0.1479 on the 20,257th run. The increase is about 0.31.
Moreover, as from the 16,545th to the 19,922th run, the AR in
Fig. 2(B) shows a serrated pattern, and so does skewness as shown
in Fig. 2(C). Variance increases until around the 20,615th run and
starts to show a serrated pattern afterwards.
One of the key characteristics of critical slowing down is that
the system experiences a slower recovery from disturbance [25],
which is very difﬁcult to be measured directly. In the simulation of
power systems practices as part of the complex evolution designed
in OPA, the pattern of power ﬂow changes gradually, which leads
to the differences between the transmission capacities of lines in
the system. As the differences increase, the system needs more
complex transmission upgrade to maintain system reliability (for
instance, upgrading a whole corridor instead of a single line). This
requires more time (e.g. several stages in practice) than that needed
in simple reinforcement. Moreover, along the evolution, more lines
are carrying larger amount of load, which, in turn, increases the
probability of a single line failure causing cascading overloads. The
reliability of the system is not increased by the upgrade. Thus, the
recovery of this increasingly complex network from the unreliable
system state slows down. In this sense, the signiﬁcant increase of
AR on the 19,922th run in Fig. 2(B) is a sign of critical slowing down,
thus indicating the approaching of a critical transition.
It can be seen in Fig. 2(C) that skewness for load-shedding has
several abrupt increases between the 16,545th and the 19,922th
iteration in the load-shedding observations, each of which is a result
of the increase in the MW load-shedding average in the data win-
dow due to the appearance of larger blackouts. After the abrupt
increase, skewness decreases due to the alternating appearance of
larger and smaller outages. Said behavior corresponds to the serrate
pattern in AR at the same period time.
The observation in the statistics is consistent with the dynamics
shown by the OPA model. Power systems are designed to be robust
to small perturbations with zero load-shedding. Under some fail-
ure pattern (for example, multiple line failures), a small amount of
load will be shed. This normal operational state can be regarded as
regime one, while a state in which the system has a much larger
possibility of large load-shedding is regime two. Under the second
regime, failures tend to propagate out forming cascades, while in
the regime one they do not. This shows a bistable behavior. During
the transition period from regime one to regime two in OPA dynam-
ics, as we  explained in Section 2, some part of the system carries a
large amount of electricity as a result of the evolution under the
self-organization mechanism. Under disturbances (line failures),
the system experiences, sometimes very small load-shedding if
H. Ren, D. Watts / Electric Power Systems Research 124 (2015) 173–180 177
Fig. 2. Simulation results of three test cases. (A) the evolution of fractional load-shedding of OPA 1; (B)–(D) the AR, skewness and variance of the non-equidistant time
series  (A); (E) the evolution of fractional load-shedding of OPA 2; (F)–(H) the AR, skewness and variance of the time series (E);(I) the evolution of fractional load-shedding of
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ime  lag is 1.
one of the lines which carry larger loads fail (the system is in one
egime of the bistable state). On the contrary, sometimes the sys-
em has much larger load-shedding if lines carrying larger loads are
nvolved in the cascades (the system is in the second regime of the
istable state). This alternation between the appearance of smaller
nd larger load-shedding events observed in the time series of load-
hedding events, together with the increase in variance in Fig. 2(D),
s known as ﬂickering. This is also a sign of approaching the criti-
al transition in the power system behavior against transmission
erturbations.
.1.2. Trade-off between local reliability and abrupt systemic
ransitions
Case OPA 1 and OPA 2 differ in one of the simulation parame-
ers: p1. p1 is deﬁned as the probability of failure of heavy-loaded
ines along the propagation of cascading failure. p1 reﬂects the local
eliability of the system: for example, the dispatching strategy.
ith a smaller p1 = 0.0015 in case OPA 1 (p1 = 1 for OPA 2), OPA 1
as a higher local reliability to recover from initial failures, and
he transition is more abrupt at around the 20,000th iteration in
ig. 2(A) than in Fig. 2(E). In case OPA 1, the stronger local reliabil-
ty delays the transmission upgrade, and sets the system for a larger
lackout. There is no signiﬁcant sudden increase in the AR of OPA 2;f time series of Mjk
j
of OPA 1; (N)–(P) the AR, skewness and variance of the time
. A data window of 100 or 160 roughly corresponds to 5000 simulation iterations.
however the AR and skewness illustrate the serrated pattern before
the 20,056th iteration.
4.1.3. Transmission regularity as a complementary signal for
critical transition
In the simulation with the EconOPA model, the generation
capacity grows only at more proﬁtable nodes. This aggravates the
inhomogeneity in the transmission system; while in OPA  model,
the generation upgrade site is randomly chosen, which weakens
the regularity of the distribution of the transmission capacity. In
Fig. 2(J), the AR of EconOPA 3 reaches a maximum in the 22,056th
iteration. Before the 22,056th iteration, Fig. 2(J)–(L) shows signs of
ﬂickering; however, it is not as obvious as in OPA 1.
After the 22,056th iteration, a different pattern from the other
cases is shown. The difference can be better understood with the
transmission patterns by (9) given in Fig. 3. Fig. 3(a) and (b) shows a
continually stronger difference among the transmission capacities
of lines around the 15,000th run. After the 25,000th iteration, the
regularity is weakened by the randomly distributed new genera-
tion capacity. The system therefore reaches a new dynamic stability
state [22,30].In the EconOPA model, although the AR shows the sudden
increase around the 22,056th iteration, the serrated pattern shows
in AR, skewness and variance after the 22,056th iteration and
until the end of the simulation. The possible reason is that the
178 H. Ren, D. Watts / Electric Power Systems Research 124 (2015) 173–180
Fig. 3. The evolution of transmission patterns (the contribution of each line for serving the demand) calculated by (9). (a) case OPA 1; (b) case OPA 2; (c) case EconOPA 3.
For  case OPA 1 and OPA 2, snapshots are chosen at the beginning of each simulation, at the 10,000th, the 15,000th, the 20,000th, the 25,000th iterations and at the end of
the  simulation. In the case of EconOPA 3, snapshots are chosen at the beginning of simulation, at the 10,000th, the 20,000th, the 30,000th, the 35,000th iterations and at the
end  of simulation. Stage 1 represents the beginning of a simulation. The input ﬁle of OPA model is not the original input data of IEEE 118 bus system, but the snapshot of the
operation state from OPA model after around 30,000 iterations for computation efﬁciency. However in case EconOPA 3, the input ﬁle is similar to the original IEEE 118-bus
system. That is the reason of the differences at the stage 1 for 3 cases.
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egularity in the allocation of the transmission capacity becomes
tronger along the simulation (Fig. 3(c)), and the system never
eaches a new dynamic stability state as in OPA. We  can also observe
hat more severe blackouts happen in EconOPA 3. The fractional
oad-shedding of OPA 1 is around 20%, while it is around 80% in
conOPA 3. The stronger regularity in the power ﬂow distribution
ould be regarded as a complementary indicator for higher prob-
bility of larger blackouts. This observation is also consistent with
he conclusion made by Carreras and coworkers in their investiga-
ion in [8].
.2. Comparison of statistics of fractional load-shedding and
Mjk
〉
j
In Fig. 2(N)–(P), the statistics of
〈
Mjk
〉
j
for case OPA 1 shows
lear different tendencies from Fig. 2(C)–(D), because
〈
Mjk
〉
j
is sen-
itive to load variation, variations on transmission line capacity
imits and load-shedding.
〈
Mjk
〉
j
changes continuously. However,
he time series of load-shedding is discrete and has lower resolu-
ion.
Researches show that ﬂickering can be observed in low res-
lution data before the appearance of critical slowing down, and
kewness can provide useful information for identifying the ﬂick-
ring in some highly stochastic systems [28]. Fig. 2(B)–(D) show
ickering between the 16,545th run and the 19,922th run, while in
ig. 2(N)–(P) the sign of ﬂickering is not that clear, which could be
ecause of the high resolution of the time series of
〈
Mjk
〉
j
[28].
. Conclusion
During the last decade, the frequency of the occurrence of large
ascades and blackouts has largely surpassed what is expected from
he use of common engineering models.
This paper presented a research on the detection of early war-
ing signals of critical transition in power systems. We  modeled
ower system operation and expansion in the long-run using OPA
odel and its modiﬁcation (EconOPA) by incorporating market-
ased expansion. Under the complex evolution of load growth, the
equirement to maintain reliability and the pursuit of economic
eneﬁts, the evolving grid experiences a critical transition to a
ore critical state in which the probability of cascading failure
s greatly increased. Along the evolution, different statistical mea-
urements of cascades and/or partial blackouts due to disturbances
re recorded and analyzed. We  found signs of ﬂickering and critical
lowing down in some statistical measures before the critical tran-
ition in power system long term dynamics. These signs are more
bvious in the time series of the MW of load-shedding than that of
he fractional overload (average loading of transmission lines). Our
esearch suggests the potential for predicting the critical transi-
ions in power systems using readily available statistical measures
f operational data of power systems. Practical applications of these
ndings can be made in two different timeframes, online appli-
ations and post-processing for risk analysis. The scarce, discrete
nd random characteristics of load-shedding data in nature limit
ts potential for real-time operations in on-line applications. Thus,
he metrics based on load-shedding are more suitable for the post-
rocessing of off-line data applications. Conversely, time series
ontaining statistics of transmission loading and overloads are eas-
ly constructed in real-time, thus being more suitable for on-line
pplications, although it presents less obvious signs of ﬂickering
nd critical slowing down than that load-shedding data.
The development of these early warning signals for identifying
he critical operational stress is the key to securely overcoming
hose critical situations and bringing higher levels of reliability tos Research 124 (2015) 173–180 179
our energy supply infrastructure. The challenges for future work
will be (i) the assessment of the effectiveness of this method under
real load variations of power systems (hourly, daily, monthly and
yearly) for real-time early warning of catastrophic outages; and (ii)
collecting enough valuable data to apply the method with historical
outage data from real power systems.
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Appendix A
Following the procedure in [33], the following calculation is per-
formed for the statistical detection of the critical slowing down and
ﬂickering:
(1) Detrend the signal. 6-Order wavelet analysis is used to ﬁlter the
signal in each window to remove slow trends that are not the
result of critical slowing down or ﬂickering.
(2) Calculate the autocorrelation (AR), skewness and variance for
data in each data window by the method in [32]. The calculation
for AR, skewness and variance is given by (A-1), (A-2) and (A-3).
The lag-1 AR r1 of the ﬁrst N − 1 observations, xt, t = 1, 2, · · · , N − 1
and the next N − 1 observations, xt, t = 2, 3, . . .,  N is given by (A-1).
r1 =
∑N−1
t=1
(
xt − x¯(1)
)  (
xt+1 − x¯(2)
)
[∑N−1
t=1
(
xt − x¯(1)
)2]1/2[∑N−1
t=1
(
xt − x¯(2)
)2]1/2 (A-1)
where x¯(1) is the mean of the ﬁrst N − 1 observations and x¯(2) is the
mean of the last N − 1 observations.
The skewness Sk of N observations xt, t = 1, 2, . . .,  N is given by
Sk =
1
N
∑N
t=1(xt − x¯)
3
[
1
N
∑N
t=1(xt − x¯)
2
]1/2 (A-2)
where x¯ is the mean of N observations.
The variance S2 of N observations xt, t = 1, 2, . . .,  N is given by
S2 = 1
N
∑N
t=1
(xt − x¯)2 (A-3)
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